Environment has long been known to play an important part in disease etiology. However, not many genomewide association studies take environmental factors into consideration. There is also a need for new methods to identify the gene-environment interactions. In this study, we propose a 2-step approach incorporating an influence measure that capturespure gene-environment effect. We found that pure gene-age interaction has a stronger association than considering the genetic effect alone for systolic blood pressure, measured by counting the number of single-nucleotide polymorphisms (SNPs)reaching a certain significance level. We analyzed the subjects by dividing them into two age groups and found no overlap in the top identified SNPs between them. This suggested that age might have a nonlinear effect on genetic association. Furthermore, the scores of the top SNPs for the two age subgroups were about 3times those obtained when using all subjects for systolic blood pressure. In addition, the scores of the older age subgroup were much higher than those for the younger group. The results suggest that genetic effects are stronger in older age and that genetic association studies should take environmental effects into consideration, especially age.
Background
Gene-environment interactions (G × E) have long been known to play an important role in complex disease etiology. Understanding these will reduce the bias in variable selection because of different cohort exposure to theenvironment [1] . Previous methods of studying G × E effects have mainly included candidate genes, case-only design, and family-based association studies [1, 2] . These methods have made their respective assumptions in terms of biological knowledge, independence of gene and environment, and kinship information. There is an urgent need for new methods to detect gene-environment effects. With the emergence of genome-wide association studies (GWAS), data mining methods, such as generalized linear models incorporating G × E terms, are becoming popular [3, 4] . We do not know,however, how much of the association identified is a result of main effects and how much is a result ofpure G × E interactions. In this study, we used a 2-step method that, first, aggressively removed main effects from both gene and environment, and then tested for the strength of pure G × E interaction. We found that, for systolic blood pressure (SBP), the pure gene-age interaction was stronger than the main effect of single-nucleotide polymorphisms (SNPs) alone. We also analyzed the genetic association separately in two age groups to test the effect of age. We found that the marker profiles were quite distinct in different age cohorts. This suggested that age might have a strong nonlinear effect on genetic association.
Methods

Dataset
The dataset adopted in this study was provided by Genetic Analysis Workshop 18 (GAW18), for which real phenotypes and genotypes from the San Antonio Family Studies are used. We focused on chromosome 3, which includes 62,915 SNPs. There were 142 unrelated individuals, for whom information is available on SBP, diastolic blood pressure (DBP), age, smoking status, and use of antihypertension medication. Although there were 4longitudinal measurements of the phenotypes, we considered only the first measurement, which had the fewest missing values. After removing the missing values, the data for 130 unrelated individuals were retained for further analysis.
Detecting pure G × E effects
Step 1: Removal of main effect of gene and environment
For each SNP and an environmental factor, we remove their main effects on y by taking the residual (res) of projection pursuit regression (PPR) [5] . The PPR smooths the regression surface following an additive model of (nonlinear) smoothing functions (S) based on a linear combination of predictors (a m ·x), expressed as follows:
where S α m is the m th smooth function of any linear combinations of x. Because PPR does not assume linear relation of the predictors, both nonlinear and linear effects can be removed from the residual. It is calculated using R package ppr in a stepwise manner by first removing the main effect of the environment, and then the main effect of the gene, without considering the interactions among them.
Step 2: Evaluation of interactions by an influence measure An influence measure wasintroduced by Lo and Zheng [6] to capture the interaction effects based on partitions by a variable subset. It has been shown to be very effective in capturing joint effects, even when main effects are weak. Important SNPs were found for inflammatory bowel disease and confirmed by later experimental results [7] . This also worked in a classification algorithm that achieved the lowest error rates in predicting several cancer datasets [8] .
Assuming that we have discrete explanatory variables, for a given subset of variables (either gene-gene [G × G] or G × E), a partition of the observations can be created. For example, if x 1 and x 2 take values of either 0 or 1, we will have a partition of four cells. If the phenotype of interest is Y, the influence measure takes the form
where i runs through the partition cells, n i is the number of observations in cell i, n is the total number of observations,Ȳ i is the local mean of phenotypes in cell i, andȲ is the overall mean. When the partition contains no association information, cell meanȲ i should be very close to the overall meanȲ. By contrast, when a subset of variables has a joint influence on Y, the difference betweenȲ i andȲ will be large. The effect will be captured by the squared deviation and weighted by n i 2 , resulting an elevated I-score. The proposed method complements main effect methods. So one can find main effect first by using another method, and then add the interaction features back.
For each SNP and an environmental factor, the phenotype of interest (Y) is replaced by the residual calculated in Step 1, resulting in:
The significance of the I-score is evaluated by permutation on the phenotype of the data set 10 7 times.
Dichotomization of age
Smoking and medication are both discrete variables. We dichotomize age by a 2-mean clustering method (k-means in R). The cutoff value was found to be 55. Thus, if age is >55 years, the age is coded as 1, otherwise it is coded 0.
Nonlinear gene-age association
Current GWAS assume that a biomarker affects disease, independent of age, so most SNPs identified in the literature are those with strong association across the whole age range. What if some genetic effect is nonlinear with age: In one's youth a group of SNPs influences the phenotype,whereas in old age some other group of SNPs takes effect? To test this hypothesis, we divided the individuals into two groups by the same 2-mean clustering threshold, at age 55 years. There were 76 subjects age ≤55 years (the younger group) and 54 subjects age >55 years (the older group). We selected the top SNPs (G effect) within each group by I-score and checked to what extentthese SNPs overlapped.
Results
Detecting pure gene-environment effects Pure gene-age association is stronger than SNP main effect for SBP
Using the 2-step approach, the I-score of the pure interactions of G × E was calculated after the main effects of both SNP and environmental factorswere removed; p values were obtained by permuting the phenotype 10 7 times. and 29 SNPs with a pvalue <10 −4 , far more than the main genetic effect, which had only 41 SNPs with pvalue <10 −3 and 5 SNP with pvalue <10 −4 . Smoke and medication had no pure interaction effects with pvalue <10 −3 . For comparison purposes, the main effects of E only are also calculated, using the F-statistics of a linear regression model with all E terms included, which had a p value of 4.15 × 10 −13 ; the main effects of all E terms on DBP gave a pvalue of 9.97 × 10 −5 .
Nonlinear gene-age association Analysis for SBP
The subjects were divided into two groups (older than age 55 years or 55 years of age and younger) and the I-score of SNPs within each age group was calculated and ranked (Table 2 ). There were 3very interesting observations:
1. There was no overlap between the top SNPs from the two age groups (the first overlap occurred at the 202nd and 92nd SNP in the two groups, respectively).
2. The I-scores of the top SNPs in age subgroups were about 3times as great as the overall I-scores calculated disregarding age (using all subjects) (see Table 2 ). We know that under the null hypothesis, when no association exists for a marker subset, the expected I-score is 1. The result suggests that, in this dataset, most genetic SNPs did not affect blood pressure uniformly across all age ranges. The number 1 marker rs16851260, which has an I-score of 90.44 identified by pure SNP-age interaction using 130 subjects, only ranked 6th in the subgroup of age >55 years but had a much higher I-score of 142.42. This means that this marker has a stronger genetic association in the older age group and, if calculating it using the general population, would dilute this marker's association effect.
3. Moreover, for SBP, the average I-score in the older age group is much higher than in the younger subgroup. For example, using the top 10 markers, the difference is 2.2 times. The result suggests that genetic association for SBP is much stronger in the older age group than in the youngerage group.
Analysis for DBP
Similar to previous results for SBP, for DBP, nonoverlapping top genetic SNPs were observed in the younger and older age groups ( Table 3 ). The first overlapping top marker occurred at the 69th and 108th place in the two groups, respectively, which suggests that there might be a nonuniform genetic effect across age range. In addition, the association effect in older age subgroups is stronger than using all subjects, reflected by the higher I-score of the subgroup than when using all subjects. Finally, the average I-score in the older age group is much higher than in the younger group. As an example, the difference is 1.4 times for the top 10 markers. This shows that the genetic effect is slightly stronger in old age than in youth for DBP. Overall, the findings for DBP are consistent with those for SBP, but with weaker magnitude. 
Discussion
Considering SBP and DBP separately in GWAS Many epidemiology studies have indicated different physiology and trend of development for SBP and DBP. It has been reported that systolic pressure is related to the elasticity of the great vessels and diastolic pressure to peripheral resistance resulting from muscle stiffness [9] . Consistent with this knowledge, the important SNPs identified for SBP and DBP in our study had few overlaps, either marginally or interactively. The results suggested that it might be better to study the two component blood pressures separatelywhen analyzing hypertension.
Considering age group separately in GWAS
In addition to finding that pure SNP-ageinteraction was stronger than the main genetic effect, we also found, by showing that the top identified genetic SNPs were completely different between age groups,that genetic effect on blood pressure was nonlinear with respect to age. We could estimate the probability ( p value) of obtaining two nonoverlapping sets of top markers, under the null hypothesis that the true associated SNPs for the two age groups are identical. Suppose there are 200 true SNPs influencing SBP1 on chromosome 3, and that they are the same for both age groups. What is the probability that the two groups get complete nonoverlapping true positives (TPs). First, we need to estimate the number of TPs selected for the two age groups. This could be done by the procedure of controlling the false discovery range (FDR) [10] with pvalues obtained by permutations. The procedure says: p k ≤ (k/m) q*, where m is the total number of tests, here m= 62915, p k is the k th pvalue ranked from smallest to largest, and q * is the FDR. So with the permuted pvalues, we can estimate the FDR in the kSNPs. If the number of true markers is assumed to be 100, this probability is much more significant at 10
. Also, the strength of genetic association was much stronger in the older group than in the younger, especially for SBP. The results suggest that age has a nonlinear impact on genetic association and that the nonlinear effect of age should be considered in GWAS, perhaps by conducting studies in separate age groups. Becausethis study has a limited sample size, further research on larger numbers of subjects should be conducted.
Pure G × E interaction-identified SNPs
The pure G × age interaction identified for SBP with pvalue reaching 10 −6 is rs6446285 on gene BSN. The gene is involved in the organization of the cytomatrix at the nerve terminal's active zone that regulates neurotransmitter release, and is involved in the formation of retinal photoreceptor ribbon synapses [11] . The 4SNP-age interactions reaching 10 −6 for DBP are all from gene PBRM1. Mutations at this locationhave been associated with renal cell carcinoma [12] .
Conclusions
This study demonstrated the strong G × E interactions for blood pressure. Even when main effect has been removed, pure G × E effect could be stronger than using main effect alone for SBP. The study also preliminarily explored the nonlinear age effect on genetic association and confirmed the hypothesis that some SNPs had a strong influence in a particular age range, and that the There might be a lot more SNPs, such as those shown in this study, that are "turned on" only in a particular age range and remain to be identified. These SNPs might fill in the missing heritability in the picture of GWAS.
